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Valencia Anchor StationThe objective of this study was to compare several approaches to soil moisture (SM) retrieval using L-band mi-
crowave radiometry. The comparison was based on a brightness temperature (TB) data set acquired since 2010
by the L-band radiometer ELBARA-II over a vineyard field at the Valencia Anchor Station (VAS) site. ELBARA-II,
provided by the European Space Agency (ESA) within the scientific program of the SMOS (Soil Moisture and
Ocean Salinity) mission, measures multiangular TB data at horizontal and vertical polarization for a range of in-
cidence angles (30°–60°). Based on a three year data set (2010–2012), several SM retrieval approaches devel-
oped for spaceborne missions including AMSR-E (Advanced Microwave Scanning Radiometer for EOS), SMAP
(Soil Moisture Active Passive) and SMOSwere compared. The approaches include: the Single Channel Algorithm
(SCA) for horizontal (SCA-H) and vertical (SCA-V) polarizations, the Dual Channel Algorithm (DCA), the Land Pa-
rameter Retrieval Model (LPRM) and two simplified approaches based on statistical regressions (referred to as
‘Mattar’ and ‘Saleh’). Time series of vegetation indices required for three of the algorithms (SCA-H, SCA-V and
‘Mattar’) were obtained fromMODIS observations. The SM retrievals were evaluated against reference SMvalues
estimated from a multiangular 2-Parameter inversion approach. As no in situ SM data was used, the evaluation
made here is relative to the use of this specific reference data set. The results obtained with the current base
line algorithms developed for SMAP (SCA-H and -V) are in very good agreement with the ‘reference’ SM data
set derived from the multi-angular observations (R2 ≈ 0.90, RMSE varying between 0.035 and 0.056 m3/m3
for several retrieval configurations). This result showed that, provided the relationship between vegetation opti-
cal depth and a remotely-sensed vegetation index can be calibrated, the SCA algorithms can provide results very
close to those obtained from multi-angular observations in this study area. The approaches based on statistical
regressions provided similar results and the best accuracywas obtainedwith the ‘Saleh’methods based on either
bi-angular or bipolarization observations (R2≈ 0.93, RMSE ≈ 0.035 m3/m3). The LPRM and DCA algorithms
were found to be slightly less successful in retrieving the ‘reference’ SM time series (R2 ≈ 0.75,
RMSE ≈ 0.055 m3/m3). However, the two above approaches have the great advantage of not requiring any
model calibrations previous to the SM retrievals.
© 2014 Elsevier Inc. All rights reserved.gro, UMR 1391 ISPA, F-33140
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eron).1. Introduction
Surface soil moisture plays a major role in the water and energy
budgets of continental surfaces, which has direct implications for hy-
drological, climate, and weather forecasting models. L-band passive
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monitor this variable at the global scale with frequent revisiting times
(De Lannoy, Reichle, & Pauwels, 2013; Jackson, Le Vine, Swift,
Schmugge, & Schiebe, 1995, Kerr, Waldteufel, Wigneron, Font, &
Berger, 2001; Njoku, Jackson, Lakshmi, Chan, & Nghiem, 2003). Three
recent or planned space missions use this technology: SMOS (launched
in November 2009), Aquarius (launched in June of 2011) and SMAP
(launch scheduled in November 2014).
The Soil Moisture and Ocean Salinity (SMOS) mission is the first
spaceborne mission dedicated to soil moisture (SM) mapping. SMOS
has multi-angular capabilities which are exploited by the SM retrieval
approach: SM and vegetation optical depth τ (used to parameterize
vegetation attenuation and emission) are retrieved simultaneously
based on SMOS multi-configuration observations, in terms of polariza-
tions and incidence angles. Aquarius is a combined passive/active
L-band microwave instrument which consists of a set of three radiom-
eters and scatterometers, operating at 1.4 GHz and 1.26 GHz respective-
ly (Le Vine, Lagerloef, & Torrusio, 2010). The primary mission objective
of Aquarius is to provide global observations of surface sea salinity once
every 7 days. However, Aquarius has also potential capabilities tomon-
itor soil moisture at global scales (Bindlish, Jackson, Cosh, Zhao, &
O'Neill, in press, Luo et al., 2013). SMAP incorporates a radar and a radi-
ometer, both operating at L-band and at the incidence (observation)
angle θ = 40°. The spatial resolutions of the corresponding active-
and passive microwave signatures are ~1 km × 1 km and ~39 km
× 47 km, respectively. The mission concept is to combine the comple-
mentary attributes of the radar observations (high spatial resolution
but lower soil moisture accuracy) and radiometer observations (higher
soil moisture accuracy but coarse spatial resolution) to retrieve SM at a
spatial resolution of 9 km, and the freeze–thaw state at a spatial
resolution of 3 km (Entekhabi, Njoku, O'Neill, Kellogg, et al., 2010;
O'Neill, Chan, Njoku, Jackson, & Bindlish, 2012).
Several SM retrieval approaches have been developed in the context
of these L-band spacemissions. As noted above, in the operational SMOS
SM retrieval algorithm, SM and vegetation optical depth at nadir (τNAD)
are retrieved simultaneously based on SMOS multiangular and bipo-
larization observations (Kerr, Waldteufel, Richaume, Wigneron, et al.,
2012; Wigneron, Chanzy, Calvet, & Bruguier, 1995; Wigneron,
Schmugge, Chanzy, Calvet, & Kerr, 1998). The 2-Parameter (2-P) re-
trievals of SM and τNAD are obtained from inversion of the L-MEB (L-
band Microwave Emission of the Biosphere) model (Wigneron et al.,
2007). This forward model is based on the so-called τ–ω model (Mo,
Choudhury, Schmugge, Wang, & Jackson, 1982) and it includes a num-
ber of parameterizations to capture effects of vegetation structure and
soil roughness on polarization and angular properties of L-bandTB emit-
ted from land surfaces. The inversion of L-MEB considering SM and τNAD
as the requested parameters (referred to as ‘L-MEB 2-P’ inversion) is
implemented in the operational algorithms used to compute the Level
2 (distributed by ESA) and Level 3 (distributed by the Centre Aval de
Traitement des Données SMOS (CATDS), Alyaari, Wigneron, Ducharne,
Kerr, et al., 2014, Jacquette et al., 2010) SMOS products. In parallel to
this operational retrieval method, several simplified methods have
been developed to exploit the capability of L-band radiometers to
provide information on land surface states such as SM. For instance,
Wigneron et al. (2004) and Saleh, Wigneron, de Rosnay, Calvet, and
Kerr (2006) have evaluated statistical regressions based on bi-
polarization or bi-angular TB data. Mattar et al. (2012) have evaluated
similar regression methods that also use a vegetation index estimated
from ancillary remotely sensed observations (such as the Normalized
Difference Vegetation Index (NDVI) or the Leaf Area Index (LAI)) to
account for vegetation effects. Moreover, methods based on Neural
Networks have been and are currently evaluated (Liu, Liou, Wang,
Wigneron, & Lee, 2002; Rodriguez-Fernandez, Aires, Richaume,
Prigent, & Kerr, in review).
The general retrieval approach proposed for SMAP is different from
the operational SMOS SM retrieval: SMAP observationswill be availablefor the sole incidence angle of 40°, but make use of the complementary
information provided by the active- (radar) and the passive (radiome-
ter) L-band data. In the initial release of the ATBD (Algorithm Theoreti-
cal Basis Document) written for the retrievals from SMAP's radiometer
(O'Neill et al., 2012), four soil moisture retrieval algorithms are sug-
gested for evaluation during the pre- and post-launch calibration and
validation activities: (i) the single-channel algorithm at H polarization
(SCA-H) which is the current SMAP baseline algorithm, (ii) the single-
channel algorithmat V polarization (SCA-V), (iii) the dual-channel algo-
rithm (DCA), and (iv) the Land parameter retrieval model (LPRM). In
the SCA-H and -V algorithms, vegetation is accounted for by the τ–ω
model as in L-MEB. However, optical depth at nadir (τNAD) is not re-
trieved as for SMOS. Instead it is estimated from the linear relation
τNAD = b · VWC between τNAD and vegetation water content (VWC)
(Jackson and Schmugge (1991)). Thereby, values of the b-parameter
are assumed polarization independent and will be provided from a
land cover look up table, and the VWC is estimated from values of the
NDVI Index. The DCA retrieval approach is very similar to the one
used for SMOS. The only difference is that the inversion is based on
the minimization of a cost function accounting for the Root Mean
Square Error (RMSE) between measured and simulated bi-polarized
TB observations at one incidence angle, whereasmulti-angular observa-
tions are used for SMOS. In the LPRM algorithm, the Microwave Polari-
zation Difference Index (MPDI) and the observed emissivities are used
to derive the vegetation optical depth τ (Meesters, de Jeu, et al.,
2005). In a second step, SM is retrieved with an optimization rou-
tine that minimizes the error between the modelled and observed
H-polarized brightness temperatures (de Jeu, Holmes, Panciera, &
Walker, 2009; Owe, De jeu, & Holmes, 2008).
In this study, these different retrieval algorithms were compared
using a 3-year long multiangular TB data set acquired by the L-band
radiometer ELBARA-II over a vineyard field (MELBEX-III) at the Va-
lencia Anchor Station (VAS) site (Schwank et al., 2012, Wigneron,
Schwank, Lopez Baeza, et al., 2012). Applications of the retrieval
methods can be made at large scales from satellite observations but
also at more local scale for long term SM monitoring from ground
based instruments mounted on different types of platforms: towers
as for ELBARA-II (de Rosnay et al., 2006; Grant, Wigneron, Van de
Griend, et al., 2007; Schlenz, Fallmann, Marzahn, Loew, & Mauser,
2012; Schwank et al., 2012, etc.); trucks (Hornbuckle & England,
2004; Kurum et al., 2009) or from the top of a mountain as in
Pellarin, Mialon, Biron, et al. (2013).
ELBARA-II (Schwank, Wiesmann, et al., 2010), developed by
GAMMA Remote Sensing AG (Switzerland) and funded by the ESA,
provides TB at horizontal and vertical polarization for a range of ob-
servation angles (30°–60°). The ELBARA-II TB observations were ac-
quired since 2010 and a 3-year TB data set is available for the
MELBEX-III site. As an accurate estimation of SM from ground
based measurements over the MELBEX-III site could not be achieved
because of very frequent agricultural practices within the field, it was
considered that representative SM values (referred to as ‘reference’
SM data set) over the ELBARA-II footprints were obtained from
multi-angular 2-P L-MEB retrievals. Moreover, the 2-P L-MEB ap-
proach also provided retrievals of optical depth at nadir (τNAD).
These latter values were used to calibrate the relationships between
τNAD and NDVI, which are required in the SCA-H and SCA-V algo-
rithms. Based on these ‘reference’ SM and τNAD data sets and the
ELBARA-II TB observations, seven SM retrieval approaches were eval-
uated and compared: the four methods considered presently in the
SMAP ATBD based on bi-polarization observations at one observa-
tion angle (θ = 40° for SMAP) and three regression methods
(Mattar et al., 2012 and Saleh et al., 2006) developed in the frame-
work of SMOS research activities and based on bi-angular or bipolar-
ization observations. The results of this evaluation are discussed in
the context of the improvement and development of the SM retrieval
algorithms.
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2.1. The ELABARA-II radiometer at MELBEX-III (VAS site)
The studywasbased on TBmeasurementsmade by theELBARA-II ra-
diometer over the 2010–2012 periodwithin the VAS site. ELBARA-II was
installed in September 2009 at the MELBEX-III vineyard field (referred
to as M-III), close to Caudete de las Fuentes, on the Utiel-Requena Pla-
teau at ~800 m a.s.l., in the region of Valencia, Spain (39°31′18.18″N,
1°17′29.64″W). This site is one of the reference sites selected by ESA
in Europe within the SMOS science program.
All details concerning the ELBARA-II instrument and theM-III exper-
iment set up are given in Schwank et al. (2010, 2012), and Wigneron
et al. (2012). Only a brief summary of the main information concerning
this experiment is presented here.
The ELBARA-II radiometer was set up 17m above ground tomonitor
a vineyard that is representative of themain land use of the VAS region.
The ELBARA-II was equipped with an elevation tracker that allows
measurements at specific observation angles θ varying between
30° ≤ θ ≤ 330° and θ = 180° being the zenith direction. Every
30 min, automated “elevation scans” are carried out that provide TB
at horizontal and vertical polarizations at observation angles between
θ=30° and 70° with steps of 5°. Between each elevation scan, measure-
ments are made at the θ= 45° every 10 min. Once a day, at 23:55 local
time, the radiometer is automatically positioned at 150° to carry out sky
calibration measurements. The absolute accuracy of the ELBARA-II mea-
surements was estimated to be better than ±1 K over the course of
2010–2012. During short time periods, no measurement could be ac-
quired over the vineyard field due to experiments using reflecting foils
(Schwank et al., 2012) or due to technical issues: in 2010 (DoY 222–
DoY 245, DoY 312–DoY 337) and in 2011 (DoY 41–DoY 62; DoY 84–
DoY 133). The ELBARA-II observations were slightly affected by Radio
Frequency Interferences (RFI) caused by active microwave systems vio-
lating the protected part of the L-Band (1400 MHz–1427 MHz). Efforts
made by the Spanish administrative authorities in 2010 to mitigate RFI
disturbances resulted in a significant decrease since the beginning of
July in 2010 (~DoY 190). Most RFI events result in steep increases in
the time variations of the measured TB (larger than 30 K at minimum)
and unrealistic TB values (larger than 330 K). These RFI events were de-
tectedmanually from the ELBARA-II TB data set. To be consistentwith the
overpass times of SMOS and SMAP, only TB measurements made at 6 am
and 6 pm local time are considered in this study. The evaluation con-
siders both 6 am and 6 pm measurements together and no evaluation
was conducted using measurements at 6 am and 6 pm separately.
2.2. In situ measurements
Concurrent with the ELBARA-II observations, groundmeasurements
were obtained within the M-III vineyard. Soil profiles of the volumetric
soil moisture [m3⋅m−3] and temperature were acquired up to about
1 m (Wigneron et al., 2012). Vineyard cultivation practices are carried
out frequently within the field (for weeding and pest control, winter
and summer pruning, cluster thinning, etc.) so that SM probes could
not be installed permanently within the ELBARA-II footprints. Only
two Delta-T Theta Probes measuring the volumetric SM of the top
0–6 cm soil layer were installed at the border of the field where no
field work was carried out. Over the 2010–2012 period, after field
works or calibration steps, the in situ probes were removed from the
soil and were not put back exactly at the same place or in the same po-
sition. After these manual interventions, the absolute values measured
by the SM probes were modified. So, it is our opinion that these SM
probes cannot provide SM values representative of the field conditions
as seen by the ELBARA-II instrument and that they cannot provide co-
herent and homogenous SM times series over the whole 2010–2012
period. These in situ data were not used in the analysis presented
here (Wigneron et al., 2012).Ameteorological station located at the VAS (coordinates: 39°34′15″N,
1°17′18″W, 813 m a.s.l.), a few kilometres from the M-III site provided
the standard meteorological variables (air temperature, wind speed,
air humidity, etc.). Over the VAS site, the average value of the total year-
ly precipitation over the ten years prior to 2010 is P=461mm. For the
three years considered in this study; 2010 was wet (P = 538.2 mm)
and was followed by a ‘dry’ and a ‘very dry’ year in 2011 and 2012
(P= 379.2 mm in 2011 and P= 288.6 mm in 2012).
Details concerning the soil and vegetation conditions at theM-III site
are provided in Wigneron et al. (2012). The field-site observed with
ELBARA-II is typical of vineyards in the VAS region (the spacing between
each plant is ~2m and that between each row is ~3m). Two field exper-
iments in 2007 and 2010 led to similar values of themaximumLeaf Area
Index, LAIMAX≈ 2.2. To monitor the time variations in the vegetation
characteristics over the growing season, we used the NDVI index
from the MODIS products (16 day NDVI composite of 250 m MODIS
data; MODIS (2010)). As the field was large enough (larger than
300 m × 300 m), it can be considered that the MODIS NDVI time vari-
ations are representative of the vegetation conditions as seen by the
ELBARA-II radiometer operated at the M-III site.
In order tomonitor the evolution of the surface roughness over time,
field measurements were made by means of measuring mechanically
two-dimensional profiles of the ground surface. For this purpose, a
2 m needle board with 201 needles, movable in the vertical direction
and with 1 cm spacing between needles was used (Mialon, de Rosnay,
Wigneron, Escorihuela, and Kerr (2012)). The needle boardwas leveled
and placed on the ground such that the needles were allowed to fall
until they touched the soil surface. Subsequently, photos of the profile
created by the needle heights were taken and digitized to compute
soil roughness parameters. On each of the seven days during 2012
when roughness measurements were performed, approximately 8 to
12 profiles were taken within the ELBARA-II footprints. Different loca-
tions and orientations (perpendicular and parallel to the vegetation
rows) were considered in computing representative information on
the standard deviation of soil surface height (SD, cm), and correlation
length (LC, cm). Time variations in the average values of SD and LC are
shown in Fig. 1 for the seven days of measurements in 2012. The corre-
sponding annual mean values are 〈SD〉 = 2.2 cm, 〈LC〉 = 6.2 cm.
2.3. L-MEB modelling and inversion
The data set considered as a reference in this study was obtained
using the 2-P L-MEB inversion approach to obtain retrievals of SM and
τNAD (Wigneron, Waldteufel, Chanzy, Calvet, & Kerr, 2000). There are
many reasons to use this retrieved data set as a reference.
First, the SMdata set retrieved from tower-based remote sensing ob-
servations can be considered as representative of the SM conditions
over the whole ELBARA-II footprint (this is usually a complex task
using field probes distributed within the field). Second, the 2-P L-MEB
method, based on multi-angular observations, has been validated in
many studies against experimental data sets for a variety of soil and veg-
etation conditions (Cano et al., 2010; Panciera et al., 2009; Pardé et al.,
2003, 2004; Saleh et al., 2006; Schlenz et al., 2012; Wigneron et al.,
1995, 2007, etc.), and its accuracy and robustness has been evaluated
theoretically (Wigneron et al., 2000). The 2-P L-MEBmethod is current-
ly implemented in the official SMOS retrieval algorithm (Kerr et al.,
2012). Third, the 2-P L-MEB approach has the advantage of providing
retrievals of optical depth at nadir (τNAD). These latter values were
used to calibrate the relationships between τNAD and NDVI, which are
required in the SCA-H and SCA-V algorithms. Moreover, it cannot be
considered that one method can benefit from the use of 2-P L-MEB re-
trieval method as a reference: the equations of the L-MEB model, used
in the 2-P L-MEB approach, are also the basis of the SCA-H, SCA-V,
DCA and LPRM algorithms. It should be noted that as no in situ SM
data was used, the evaluation made here is relative to the use of a
specific reference data set based on the 2-P L-MEB inversion.
Fig. 1. Temporal variations in the standard deviation of soil surface heights SD and correlation length LC estimated frommeasurements during seven days in 2012 performed at the M-III
vineyard field. The annual mean values are 〈SD〉 = 2.2 cm, 〈LC〉 = 6.2 cm.
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(2007) and a brief summary of the main L-MEB equations and of addi-
tional parameterizations developed since 2007 is given in the following.
The L-MEB model is based on a zero-order solution of the radiative
transfer equations: the so called τ–ωmodel, where the optical depth τ
accounts for extinction effects within the canopy and the effective scat-
tering albedo ω (−) accounts for scattering effects (Kurum, 2013; Mo
et al., 1982). To incorporate the SMOS multi-angular feasibility, several
additional parameterizations are used in L-MEB to account for effects
of the vegetation structure and soil roughness on L-band brightness
temperatures emitted from vegetated land surfaces.
In local thermal equilibrium the emissivity eGP of the ground at hor-
izontal (p=H) and vertical (p=V) polarization is related to the corre-
sponding reflectivity rGP of the soil (the ground) observed at the angle θ:
eGP θð Þ ¼ 1−rGP θð Þ ð1Þ
The soil reflectivity rGP can be expressed as the reflectivity r*GP of a
specular surface and the roughness model parameters QR, HR and NRP
as:
rGP θð Þ ¼ 1−QRð ÞrGP θð Þ þ QRrGQ θð Þ
 
exp −HR cos
NRP θð Þ
 
ð2Þ
In this equation, HR parameterizes the intensity of the roughness ef-
fects, QR parameterizes the polarization mixing effects, and NRP is used
to account for the specific effects of roughness on the trendof soil reflec-
tivity rGP as a function of incidence angle and polarization. The reflectiv-
ity of a specular surface r*GP was computed using the Fresnel equations
as a function of θ and of the effective soil dielectric permittivity εG. The
latter was computed from soil moisture SM, soil effective temperature
TG, and from the clay fraction using the dielectric mixing model of
Mironov et al. (2012), referred to as the ‘Mironov’ model in the follow-
ing. This is in contrast to the earlier studyWigneron et al. (2007), where
the Dobson model (Dobson, Ulaby, Hallikainen, & El-Reyes, 1985) was
used to estimate εG.We used the recent results of Lawrence, Wigneron, Demontoux,
Mialon, and Kerr (2013) to estimate the values of the roughness
model parameters (QR, HR and NRP). These parameters were assumed
as constants in time, and therefore computed from the annual average
value 〈SD〉 of the standard deviation of the soil surface height and the
corresponding annual mean 〈LC〉 of the correlation length (Fig. 1). To
be consistent with the general approach considered for SMAP we as-
sumed that NRV = NRH = 0 (O'Neill et al., 2012). On that assumption,
the roughness parameters HR and QR were computed as (Lawrence
et al., 2013):
HR ¼ 1:762 1– expð−ZS=1:85ð ÞÞandQR ¼ 0:05HR ð3Þ
where ZS = (SD)2/LC (cm)
Considering the annual mean values 〈SD〉 = 2.2 cm and 〈LC〉 =
6.2 cm measured over the M-III site in 2012, we obtained ZS = 0.78
cm, HR = 0.606, QR = 0.0303.
In this study, we considered a composite soil–vegetation surface
temperature TGC for the effective temperature TG of the ground (the
soil) and the vegetation canopy TC. To compute TGC, we did not use
the in situ measurements of soil temperatures, as there were several
gaps in the in situ data time series. Instead, the composite effective
temperature TGC of the ELBARA-II footprints was computed from the
ERA-INTERIM 0–7 cm soil temperature product (TE-07). Over the
2010–2012 period, a high correlation was found between the in situ
measurements of temperature and TE-07. ERA-INTERIM is the latest
ECMWF (European Centre forMedium-RangeWeather Forecasts) glob-
al atmospheric reanalysis of the period 1979 to the present (Dee et al.,
2011) with a temporal resolution of 3 h and a spatial resolution of
0.75° (corresponding to about 100 km resolution over the VAS site).
The accuracy of this estimate was considered to be sufficient in several
studies investigating SM retrievals from L-band observations (Pardé
et al., 2004; Wigneron et al., 2012).
As noted above, we used the τ–ω model to compute the up-
welling emission (TB) from the two layer soil–vegetationmedium.
TBP (p=H, V) is the sum of three terms: (1) the direct upwelling veg-
etation emission, (2) the downwelling vegetation emission reflected
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emission attenuated by the canopy:
TBP ¼ 1−ωPð Þ 1−γPð Þ 1þ γPrGPð ÞTC þ 1−rGPð ÞγPTG ð4Þ
where TG=TC=TGC= TE-07 is assumed in this study, and rGP is the soil
reflectivity computed with Eqs. (2) and (3). γP is the vegetation attenu-
ation factor which is related to the optical depth τP as (Beer's law):
γP ¼ exp −τP=cosθð Þ ð5Þ
To account for vegetation anisotropies, the optical depth τP(θ) at the
observation angle θ is expressed with a parameterization involving the
optical depth τNAD at nadir (θ= 0°):
τP θð Þ ¼ τNAD sin2 θð Þ  ttP þ cos2 θð Þ
 
atp ¼ V;Hð Þ ð6Þ
The parameters ttV (−) and ttH (−) account for the angular depen-
dence of τP(θ). As found in Wigneron et al. (2012), we considered that
ttH = 1 (default L-MEB value) and that the ttV parameter is free in the
retrieval process, to account for the effects of the vine stocks, with a
preferential vertical orientation. So in reality, a 3-Parameter retrieval
approach is made in this study, but the notation 2-P is kept, as only
SM and τ can be considered as variables of interest for applications.
The values of the effective scattering albedo ωP were found to be
close to zero over most of the non-forested vegetation covers (Grant
et al., 2008; Kurum, 2013). The value of ωP was set equal here to 0.02
for both polarizations. A summary of the values of the soil and vegeta-
tion L-MEB parameters used in this study over the M-III site and de-
scribed above is given in Table 1. These parameters are not required in
the simplified approaches ‘Mattar’ and ‘Saleh’ and the parameters ttH
and ttV are specific to L-MEB. Except for these cases, all the parameters
in Table 1 are valid for the other SM retrieval methods (SCA-V, SCA-H,
DCA and LPRM).
The 2-P L-MEB inversions were based on bi-polarization and
multiangular TB measurements using a minimization procedure of a
cost function evaluating the difference between the L-MEB simulations
and the TB measurements (Wigneron et al., 2000, 2007, 2012). The re-
trievals were based on ELBARA-II TB data acquired with the automated
elevation scans (Section 2.1) performed for the observation angles
θ=30°, 35°, 40°, 45°, 50° (corresponding roughly to the limit of validity
of L-MEB at large incidence angles). As noted above, only TB measure-
mentsmade at 6 amand 6 pmwill be considered in this study. Especial-
ly for the measurements at 6 am temperature gradients across the
vegetation and the soil are minimal (Kerr et al., 2001).Table 1
L-MEB soil and vegetation parameters over the M-III vineyard (VAS site). Except for the
parameters ttH and ttV, which are specific to L-MEB, all the parameters are valid for the
SM retrieval methods: SCA-V, SCA-H, DCA and LPRM.
Unit Value or used model
Soil dielectric
permittivity (εG)
(−) Mironov et al. (2012)
Clay fraction (−) 0.26 (in situ measurements; Juglea et al., 2010)
TG = TC = TGC K ECMWF ERA Interim temperature (TE-07)
HR (−) 0.6060 (calibrated, Lawrence et al., 2013)
QR (−) 0.0303 (calibrated, Lawrence et al., 2013)
NRH (−) 0
NRV (−) 0
ttH (−) 1
ttV (−) Free parameter in the retrieval process
ω (−) 0.02
τ (−) Free parameter in the retrieval process
SM m3/ m3 Free parameter in the retrieval process2.4. Description of the different SM retrieval methods
As mentioned in the introduction, seven SM retrieval approaches
were evaluated and compared in this study: the four methods consid-
ered presently in the SMAP ATBD for the passive-only product and
three regression methods (described in Saleh et al. (2006) and Mattar
et al. (2012)) developed in the context of SMOS. The retrieved SM
values were compared to a ‘reference’ SM data set obtained from the
2-P L-MEB inversion, which was assumed to be representative of the
SM values over the ELBARA-II footprint. The seven SM retrieval
approaches are described in the following sections. As is the case for
the 2-P L-MEB method, these seven methods use the τ–ω radiative
transfer model (described above) to account for the vegetation effects
and they all assume τNAD is independent of polarization and incidence
angle (τV(0°) = τH(0°) = τNAD). They are based on the same Eq. (1)
to model the roughness effects, considering that NRV = NRH = 0. Fur-
thermore, as implemented here they all use the ‘Mironov’ equations to
compute the effective soil dielectric permittivity εG. All of the parame-
ters listed in Table 1 for the 2-P L-MEB method are accounted for in
the seven SM retrieval methods considered. Only a very brief descrip-
tion of the SCA-H, SCA-V, DCA and LPRM methods will be given here
as a detailed description of these methods is available in the initial
release of the ATBD. All these four methods were applied to the
ELBARA-II TB data at the incidence angle of 40° corresponding to the
SMAP observations. A summary of the input variables required for the
seven different retrieval methods, as well as for the reference algorithm
2-P L-MEB, is given in Table 2.2.4.1. Single Channel Algorithms (SCA-H and SCA-V)
The Single Channel Algorithm (SCA-H), based on horizontally polar-
ized TB observations, is the current SMAP baseline, but the same algo-
rithm can also be applied to vertically polarized TB data (SCA-V). In
SCA-H, brightness temperatures are converted to emissivity using a sur-
rogate for the temperature of the emitting surface layer (in this study,
the soil temperature provided by ECMWF (TE-07) is used). The derived
emissivity is corrected for vegetation and surface roughness to obtain
the soil emissivity. Finally, a dielectric mixing model (the ‘Mironov’
model in this study) is used to obtain soil moisture SM from the soil
dielectric constant εG using the Fresnel equations.
In this investigation, SCA-H and SCA-V are based on the same correc-
tions of vegetation (using the τ–ω model), and soil roughness effects
(using the HR and QR parameters) as those used for the 2-P L-MEB
method.Table 2
Input variables required in the different retrieval algorithms.
Algorithm Input variables
SCA-H TBH(θ = 40°)
ECMWF temperature (TE-07)
NDVI
SCA-V TBV(θ = 40°)
ECMWF temperature (TE-07)
NDVI
DCA TBH(θ = 40°), TBV(θ = 40°)
ECMWF temperature (TE-07)
LPRM TBH(θ = 40°), TBV(θ = 40°)
ECMWF temperature (TE-07)
‘Saleh’ bi-polarization TBH(θ = 40°), TBV(θ = 40°)
ECMWF temperature (TE-07)
‘Saleh’, bi-angular TBH(θ = 30°), TBH(θ = 50°)
ECMWF temperature (TE-07)
‘Mattar’ TBH(θ = 40°)
ECMWF temperature (TE-07)
NDVI
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τNAD ¼ b  VWC ð7Þ
where b is a proportionality factor mainly depending on the vegetation
structure.
For SMAP, values of b will be provided bymeans of a land cover look
up table and the baseline approach utilizes a set of land cover-based
equations to estimate VWC fromvalues of NDVI. The following equation
is used for cropland (O'Neill et al., 2012):
VWC ¼ 1:9134 NDVI2−0:3215 NDVI
 
þ Stemfactor
 NDVIref−0:1ð Þ= 1–0:1ð Þ ð8Þ
where Stemfactor parameter is the product of the average height of a
land cover class and the ratio of sapwood area to leaf area; NDVIref is as-
sumed to be equal to themaximumvalue of NDVI time series (the value
of NDVIref was set equal here to 0.4696 from the analysis of the MODIS
NDVI observations over the 2010–2012 period). In this study, the b and
Stemfactor parameters were calibrated prior to the inversion process, as
described in Section 2.5.
2.4.2. The Dual Channel Algorithm (DCA)
The Dual Channel Algorithm (DCA) is an extension of the SCA and
uses bothH-polarized andV-polarized TB observations to simultaneous-
ly retrieve SM and VWC (O'Neill et al., 2012). As in the 2-P L-MEB algo-
rithm, the SM and τNAD variables are adjusted iteratively until the root
mean square difference between the simulated and observed TB is min-
imized. There are differences between 2-P L-MEB and DCA algorithms.
Firstly, TB data at θ = 40° are used for DCA, while multiangular data
are used for 2-P L-MEB. Secondly, the ttV parameter (accounting for an
angular dependence of τ) is retrieved in 2-P L-MEB, while DCA does
not account for this dependence. Except for the ttV and ttH parameters,
all vegetation and soil parameters used in DCA are the same as those
used in the 2-P L-MEB method (Table 1).
2.4.3. Land Parameter Retrieval Model (LPRM)
The LPRM approach uses an analytical solution for the derivation
of the vegetation optical depth. This solution uses the Microwave
Polarization Difference Index (MPDI) and the observed surface emis-
sivity (eH and eV) as input and is based on the assumption that the
values of the vegetation optical depth are the same for both polarization
(τV = τH). The MPDI index is calculated from the brightness tempera-
ture at H- and V polarizations as follows (Meesters et al., 2005):
MPDI ¼ TBV−TBHð Þ= TBV þ TBHð Þ ð9Þ
Then based on Eq. (4) of the τ–ω omega model, soil moisture is re-
trieved using an optimization routine that minimizes the RMSE between
the modelled and observed H-polarized brightness temperatures. As for
SMOS, the vegetation optical depth at this optimized soil moisture value
is an additional retrieval result. As noted inO'Neill et al. (2012), the LPRM
was implemented on multifrequency satellites such as AMSR-E, where
also the Ka-band V-polarized channel is used to retrieve physical tem-
peratures of the scene observed. This latter can also be estimated from
re-analysis or near real time data from weather prediction centres
(Parinussa, Holmes, Yilmaz, & Crow, 2011), as is done in the current
SMOS SM retrieval algorithm (Kerr et al., 2012). Only a few studies
(e.g. de Jeu et al., 2009) have examined the applicability of this model
at L-band frequencies, although the analysis of SMOS data with LPRM
is currently underway. All detailed equations of the LPRM approach are
given in (Chung et al., 2013; de Jeu et al., 2009; Meesters et al., 2005;
Owe, de Jeu, & Walker, 2001; Owe et al., 2008). As for DCA, except for
the ttV and ttH parameters which are not relevant here, all vegetation
and soil parameters used in LPRM are the same as those used in the 2-
P L-MEB method (Table 1).2.4.4. Linear regression methods (Mattar et al., 2012; Saleh et al., 2006)
Two methods based on regression equations developed by Saleh
et al. (2006) and Mattar et al. (2012) were evaluated in this study.
Both methods were numerically derived from the equations of the
τ–ω model assuming that the value of the effective scattering albedo
is ωP = 0, and that the values of optical depth τP are the same for
both polarizations p=H, V. Thesemethods are physically-based. How-
ever, as the development of an analytical formulation would be com-
plex, most of the time they are used as regressions methods. As
shown by Saleh et al. (2006), a key interest in these regressionmethods
is that they can be used for varying roughness and vegetation conditions
over time: no additional information about temporal changes in these
two state variables (such as NDVI or LAI for vegetation for instance)
is required. These regressionmethods have been used in several studies
based on in situ, airborne or spaceborne (SMOS) observations (Albergel
et al., 2011; Calvet et al., 2011; Parrens et al., 2012, etc.)
The method of Saleh et al. (2006) can be applied to observations
made either at the two incidence angles θ1 and θ2 (referred to as
‘Saleh’ bi-angular):
ln SMð Þ ¼ a2 ln ΓP θ1ð Þð Þ þ a1 ln ΓP θ2ð Þð Þ þ a0 θ1; θ2;pð Þ ð10Þ
or to bi-polarization observations made at one observation angle θ
(referred to as ‘Saleh’ bi-polarization):
ln SMð Þ ¼ b2 ln ΓH θð Þð Þ þ b1 ln ΓV θð Þð Þ þ b0 θð Þ ð11Þ
where ΓP(θ) is the reflectivity of the soil–vegetation system at polariza-
tion p (p = V or p = H), defined as
ΓP θð Þ ¼ 1−TBP θð Þ=TGC ð12Þ
where the composite soil vegetation surface temperature TGC was esti-
mated from the ERA-INTERIM 0–7 cm soil temperature product (TE-07).
Themethod ofMattar et al. (2012) is very similar and can bewritten
as (referred to as ‘Mattar’):
ln SMð Þ ¼ c2 ln ΓP θð Þð Þ þ c1NDVIþ c0 θ;pð Þ ð13Þ
where theNDVI is considered here as a proxy for optical depth, as in the
SCA-H and SCA-V methods.
In the above Eqs. (10), (11) and (13), the parameters (a0, a1, a2),
(b0, b1, b2) and (c0, c1, c2) are regression coefficients, which are assumed
to be constant in time and have to be calibrated over each pixel. In this
study, in the ‘Saleh bi-polarization’ Eq. (11), we used the observation
angle θ = 40° as used in the other retrieval methods. In the ‘Saleh bi-
angular’ Eq. (10), we used H-polarized bi-angular observations at
θ1 = 30° and θ2 = 50°. In the ‘Mattar’ Eq. (13), we used H-polarized
observations at θ= 40°. These latter configurations were found to be
the best for SM retrievals (results not shown here).
2.5. Method calibration
In this study, the SCA-V, SCA-H, DCA and LPRMmethods were based
on the L-MEB model parameters given in Table 1. In addition, some
model parameters specific to some methods had to be calibrated. The
DCA and LPRMmethods did not require any additional calibration. Con-
versely, in the SCA-V and SCA-H methods, the two parameters b and
Stemfactor, used to link NDVI and optical depth, had to be calibrated.
Moreover, the three ‘regression’ methods ‘Saleh bi-angular’, ‘Saleh bi-
polarization’ and ‘Mattar’ did not require any L-MEB parameters but
required the calibration of three coefficients (ai), (bi) or (ci) (i = 0, 1
and 2) used in Eqs. (10), (11) and (13), respectively.
The calibration of the above parameters and coefficients was per-
formed three times, using one year of data for calibration and the two
other years for validation. To calibrate the b and Stemfactor parameters
in SCA-H and SCA-V, amultilinear regressionmethodwas used to fit the
Table 3
Calibrated parameters of the different retrieval algorithms: one year (2010, 2011 or 2012)
is used for calibration; the two other years are used for validation.
SCA H/V, TBH(θ = 40) or
TBV(θ = 40)
Calibration b Stemfactor
2010 0.61679 0.20874
2011 0.31756 0.44014
2012 0.92819 0.05840
‘Saleh bi-angular’, TBH(θ = 30),
TBH(θ = 50)
Calibration a0 a1 a2
2010 1.4171 −0.3560 0.8374
2011 1.0972 −0.2806 0.2613
2012 2.2857 −1.5674 0.1300
‘Saleh bi-polarization’, TBH(θ = 40),
TBV(θ = 40)
Calibration b0 b1 b2
2010 0.3524 0.7734 1.1401
2011 0.2595 0.6208 0.4879
2012 −0.3914 1.1927 0.7263
‘Mattar’, TBH(θ = 40) Calibration c0 c1 c2
2010 1.2530 0.9491 0.9147
2011 0.9844 0.5748 0.3702
2012 1.0954 2.6578 0.0183
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depth τNAD retrieved from the 2-P L-MEB method. The obtained values
for all three calibration years (2010, 2011 and 2012) are given in Table 3.
Similarly, to calibrate the three coefficients in the regression
equations of the ‘Saleh bi-angular’, ‘Saleh bi-polarization’ and ‘Mattar’
methods, a multilinear regression method was used to minimize the
difference between the retrieved SM derived from Eqs. (10), (11) or
(13) to the ‘reference’ SM values retrieved from the 2-P L-MEBmethod.
The obtained values of the coefficients for all three methods and all
three calibration years (2010, 2011 and 2012) are given in Table 3.3. Results
3.1. Reference values of SM and τNAD
As outlined above, the ‘reference’ values of soil moisture (SM) and
optical depth at nadir (τNAD) were retrieved from the multiangular TB
data measured by the ELBARA-II instrument.We computed the correla-
tion coefficients between the “reference” and the in situ SM values
(these latter were computed as the average of the values measured by
both in situ probes). The obtained values of R for the am/pm data
were: R = 0.740/0.808 in 2010, R = 0.757/0.716 in 2011, R = 0.644/
0.534 in 2012 and R = 0.615/0.552 over the whole 2010–2012 period.
The lower value of R over 2010–2012 in comparison to 2010 or 2011
tends to confirm what was suspected: the in situ SM data set is not
coherent and homogeneous over the whole 2010–2012 period. As
discussed in the previous section, the in situ SM data were not used
further in the following of this study.
The TB measured θ= 40° for the time period 2010–2012 are shown
in Fig. 2b. A clear seasonal cycle in the TB time-series can be seen, with
maximum values of TB during summer and lower TB values duringwin-
ter. This annual cycle is related to the vegetation growth cycle, begin-
ning in April and ending in November, to the soil moisture conditions,
which are generally drier during the summer period and to the annual
temperature cycle. Taking off this latter effect, the seasonal cycle in
the emissivity (computed as TB/TGC) is shown in Fig. 2b. Similar trends
can be seen in both Fig. 2a and b, but it can be seen the plateau of
maximum values is much larger considering emissivity than TB values.
As already noted in Section 2.2, significantly wetter/drier conditions
were encountered in 2010/2012, respectively, which is reflected in the
observed trends of TB and emissivity over the MELBEX-II site with
lower values during summer and autumn 2010 compared to the same
time period in 2012. Based on the TB observations, the retrieved values
of SM and τNAD were computed from the 2-P L-MEB method and they
are illustrated in Fig. 3a–b. As discussed in Jackson et al. (2012),conditions of standing water during or shortly after intensive rainfalls
should be flagged. In this study, to avoid these conditions, all retrieved
values of SM which were found to be larger than the saturation value
SMSAT were not considered (SMSAT was set equal to 0.5 m3/m3 over
the M-III site as computed by Juglea et al. (2010)). Note that due to
this data filtering, the number of SM data used in the comparison may
vary slightly from one approach to the other.
In accordance with the above-discussed TB trends one can see that
rainy conditions led generally to higher values of SM throughout the
year in 2010 and during the winter period in 2011 and 2012 (Fig. 3a).
Drier conditions during the second half of 2011 and 2012 led to rather
long time intervals of lower SM values.
The vegetation cycle could be clearly distinguished from the time
variations in both the optical depth at nadir (τNAD) and NDVI index ob-
tained over the 250 m MODIS pixel including the M-III vineyard
(Fig. 3b). Relatively similar maximum values of τNAD were retrieved
during the summer of all three years (maximum values of τNAD are
close to 0.24 in 2010 and close to 0.22 in 2011 and 2012). During the
winter period, after vine pruning and defoliation, values of τNAD close
to 0.05 were retrieved for all three years. This latter value corresponds
to the estimated value of the optical depth (τ_STOCK) of vine stocks
(Schwank et al., 2012; Wigneron et al., 2012). Superimposed on the
long term trend of τNAD, short-time changes in the time variations of
τNAD can be noted. It is likely that these apparent fluctuations result
from unaccounted changes in the roughness conditions over the field
as discussed in Patton and Hornbuckle (2013) and Jackson et al.
(2012) for SMOS observations. It can be noted too that very low values
of τNAD were retrieved during a short period of time inMay of 2011 and
2012, just before the vine vegetation growth. We assumed that this
could be caused by specific effects during this period related to soil
roughness or to vegetation structure. For instance, this effect could be
linked to lower roughness conditions in relation to field works in May.
As the roughness parameterization is set as constant over the 3 year
period, actual lower roughness conditions in the field would lead to re-
trievals of lower τNAD values and, to a lesser extent, higher SM values.
Our field observations of roughness for the year 2012 (Fig. 1) are not
accurate enough to confirm clearly this assumption but they seem to
be leaning in that direction.
A maximum value of NDVI is reached in the middle of July
(~DoY 200): NDVIMAX ≈ 0.45 in 2010 and 2011 andNDVIMAX≈ 0.36
0.36 in 2012. It is likely the lower value of NDVIMAX in 2012 can be relat-
ed to the drier conditions during that year. In comparison with the year
2011, it seems that the very dry conditions during 2012 impact the
NDVI values, but do not impact the time variations of τNAD considerably.
A scatter plot of the retrieved values of the optical depth τNAD versus
the NDVI index is shown in Fig. 4. It can be seen that the results are gen-
erally consistent from one year to the other. One specific pattern can be
noted in 2011; it corresponds to very low values of τNAD retrievedwhile
vegetation is fully developed (NDVI ≈ 0.45), which was already
discussed above.
3.2. Comparison of SM retrievals
The retrieved values of SM from all retrieval methods presented
in Section 2 were compared to the reference SM values retrieved
with the 2-P L-MEB method applied to the measurements performed
during the years 2010–2012. A summary of this comparison is given in
Table 4, in terms of coefficient of determination (R2), bias (m3/m3),
RMSE (m3/m3) and unbiased RMSE (ubRMSE, m3/m3) as defined by
Entekhabi, Reichl, Koster, and Crow (2010). To illustrate the results,
scatter plots of retrieved SM values versus ‘reference’ SM values are
given for all methods considered in this study (Fig. 5).
All five methods requiring a calibration step, e.g. SCA-V, SCA-H,
‘Saleh’ bi-angular, ‘Saleh’ bi-polarization and ‘Mattar’ (the calibration
was made using one year and the evaluation with the two other
years), provided SM retrievals that were in good agreement with the
Fig. 2. Time-series of measured ELBARA-II TB (a) and emissivity (ie. TB data normalized by the effective temperature TGC) (b) over the M-III vineyard during three years
(2010–2012) at H (‘o’) and V (‘x’) polarizations and at the observation angle θ= 40°. The TB data are acquired ~every 30 min but only data measured at 6 am are shown. Daily pre-
cipitation P is represented with vertical lines.
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lower than 0.045 m3/m3). If we consider the years used for calibration,
best performances in terms of R2 for all four methods were obtained
when year 2010 (corresponding to rather ‘wet’ conditions) was used
for calibration, while lower performances were obtained using the
year 2012 (corresponding to ‘very dry’ conditions) for calibration.Results for the year 2011 are generally close to those obtained for the
year 2010. A closer inspection shows that both the SCA-V and the
SCA-H methods provide generally very similar performances in SM re-
trievals (the SCA-V method providing a slightly better accuracy in
terms of R2, bias, RMSE and ubRMSE). The three methods based on re-
gression equations (‘Saleh’ bi-polarization, ‘Saleh’ bi-angular, and
Fig. 3. Soil moisture SM (a) and optical depth τNAD (b) retrievedwith themultiangular 2-P L-MEBmethod applied to the measurements at theM-III site. The diurnal retrievals are shown
for 6 am and 6 pm, respectively. These retrieved values are considered as a reference in this study. Daily precipitation is represented with vertical lines. In subpanel b, the time-series of
NDVI index obtained over the 250 m MODIS pixel including the M-III vineyard is shown.
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were obtained for the ‘Mattar’ method (especially when using the year
2010 for calibration), while best performances were obtained for ‘Saleh
bi-angular’. Considering the ubRMSE criteria, the performances of the
SCA and the regression methods were even closer. Except for the
DCA and LPRM algorithm, the ubRMSE is always around or below
the target accuracy for SMAP of 0.04 m3/m3. This is a direct conse-
quence of the fact that values of the bias were found to be higher
for the SCA methods (bias ≈ 0.020 m3/m3) than for the regression
methods (bias≈ 0.010 m3/m3).As could be expected, results obtained from methods which did
not require parameter calibration (DCA and LPRM) provided results
with a lower accuracy: the RMSE was similar for both methods
(RMSE≈ 0.55 m3/m3), while slightly better R2 values were obtained
for DCA (R2= 0.79) than for LPRM (R2= 0.725). For bothmethods, the
bias in the retrievals was found to be very low (bias= 0.021m3/m3 for
DCA, and bias = 0.013 m3/m3 for LPRM).
The scatter plots (Fig. 5) showing the comparison between retrieved
SM values versus ‘reference’ SM values are given to illustrate these dif-
ferent results. For methods requiring calibration (SCA-V, SCA-H, ‘Saleh’
Fig. 4. Scatter plot of retrieved values of the optical depth τNAD, retrievedwith themultiangular 2-P L-MEBmethod, versus the NDVI index obtained over the 250mMODIS pixel including
the M-III vineyard. Retrieved values of τNAD computed at 6 am and 6 pm are used.
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in Fig. 5 (this year provided best performances in terms of R2). Note
that the number of data used in the comparison may vary from one ap-
proach to the other. This can be explained by two reasons. First, for DCA
and LPRM, the comparison was made over three years (2010–2012),
while it was made over two years (2011–2012) for the other methods.
Second, retrieved SM values larger than the saturation value SMSAT
(SMSAT = 0.5 m3/m3) were removed in the comparison (a very low
number of observations was concerned by this filtering).
It can be seen that a very low bias was obtained generally. However,
inwet conditions, themethods LPRMandDCA provided underestimated
SM values (for SM N 0.3 m3/m3); while the ‘Saleh’ and ‘Mattar’methods
provided overestimated SM values (for SM N 0.2 m3/m3) with respect toTable 4
Performances of the different SM retrieval algorithms in terms of coefficient of determinatio
angular’, ‘Saleh bi-polarization’ and ‘Mattar’, one year (2010, 2011 or 2012) is used for calibrat
Method Calibration Validation R2
SCA-H 2010 2011, 2012 0.915
2011 2010, 2012 0.905
2012 2010, 2011 0.852
SCA-V 2010 2011, 2012 0.928
2011 2010, 2012 0.919
2012 2010, 2011 0.861
DCA 0.789
LPRM 0.725
Saleh 2010 2011, 2012 0.950
Bi-angular 2011 2010, 2012 0.941
2012 2010, 2011 0.934
Saleh 2010 2011, 2012 0.946
Bi-polarization 2011 2010, 2012 0.924
2012 2010, 2011 0.920
Mattar 2010 2011, 2012 0.946
2011 2010, 2012 0.927
2012 2010, 2011 0.869the reference SM. For DCA and LPRM (methods with do not require any
calibration), it can be seen that the SM retrieval performances are lower
in a small SM interval, for values of SM comprised between ~ 0.1 and
0.15 m3/m3. These SM conditions generally correspond to periods of
vegetation growth at the end of spring and of full vegetation develop-
ment in the summer period.4. Discussion and conclusion
This study presents an inter-comparison of several SM retrieval
methods based on a three year data set of passive L-band microwave
observations acquired over a vineyard site at the VAS site.n (R2), bias (m3/m3), RMSE (m3/m3) and ubRMSE (m3/m3). For SCA-H, SCA-V, ‘Saleh bi-
ion; the two others are used for validation. For LPRM and DCA, no calibration is required.
Bias (m3/m3) RMSE (m3/m3) ubRMSE (m3/m3)
−0.025 0.050 0.043
−0.041 0.054 0.035
−0.020 0.056 0.052
−0.014 0.035 0.032
−0.024 0.040 0.032
−0.010 0.045 0.043
0.021 0.054 0.050
0.013 0.058 0.056
0.004 0.037 0.037
0.007 0.028 0.027
0.009 0.036 0.035
0.010 0.040 0.039
−0.001 0.031 0.031
0.004 0.033 0.033
0.009 0.041 0.040
−0.001 0.030 0.030
0.017 0.048 0.045
Fig. 5. Scatter plots of the retrieved SMvalues versus the reference SM values for allmethods: SCA-H (a), SCA-V (b), DCA (c), LPRM (d), ‘Saleh’ bi-angular (e), ‘Saleh’ bi-polarization (f) and
‘Mattar’ (g). Retrieved values of SM are computed at 6 am and 6 pm. In a–b–e–f–g, retrieved values of SM for years 2011 and 2012 are shown (the year 2010 was used for
calibration). In c–d (for DCA and LPRM) retrieved values of SM for years 2011, 2012 and 2013 are shown (no calibration was required).
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results cannot be easily generalized to operational applications for
spaceborne sensors. We will discuss these different aspects and the
main conclusions of the study in the following. First, it is important to
consider that the results were obtained at the field scale and over only
one type of vegetation (a vineyard canopy) with some specific features
(no litter layer, relatively low LAI and biomass conditions, frequent
agricultural practices leading to changes in soil roughness, etc.). Several
effects related to changes in the soil roughness conditions or in the veg-
etation structure (in relation with the crop growth and the agricultural
practices) may have a significant impact on the results of the present
study. For instance, tests were made (not shown) and it was generally
found that using different values of HR in the 2-P L-MEB method
may have a relatively low impact on the bias and on the correlation
coefficient (R) computed between reference and retrieved SM data.
As discussed by Parrens, Wigneron, Richaume, et al. (2014), in 2-P
L-MEB, the changes in the value of HR have a larger impact on the re-
trieved values of τNAD than on the retrieved values of SM. Moreover, it
is likely that the impact of these effects would average out and, there-
fore, become much less important if we had considered larger
footprints of spaceborne radiometric observations, including a large
variety in the types of vegetation (natural or cultivated canopies), in
the soil conditions and in the agricultural practices. For instance, specific
effects related to the vegetation structure could be revealed over the
vineyard field and the values of optical depth for both polarizations(τH(θ) and τV(θ)) could not be considered as equal for that canopy
type (Wigneron et al., 2012). This result has frequently been obtained
from in situ radiometric observations (Pardé et al., 2003, 2004;
Wigneron et al., 2004) but it has never been noted, to our knowledge,
from spaceborne observations. For instance, Owe et al. (2001) found
that τV = τH over test sites in the US over a variety of land covers
based on SMMR (Scanning Multichannel Microwave Radiometer) ob-
servations at C-band. It is likely that these vegetation structure effects
can be a limitation for presented evaluation of the methods, which all
assume τH= τV. So, several similar studies based on in situ observations
over a variety of vegetation types are required to provide a more in-
depth evaluation of the method performances.
It should be noted too that the performances of the different
methods cannot be compared directly as some methods had to be cali-
brated while some methods did not require any parameter calibration
step (DCA and LRPM). The two methods SCA-H and SCA-V, require the
calibration of the relationship between optical depth and a remotely
sensed vegetation index (NDVI); the threemethods based on regression
equations, ‘Saleh bi-angular’, ‘Saleh bi-polarization’ and ‘Mattar’, require
the calibration of three coefficients. This calibration step could be done
in the present study aswe considered that a ‘reference’ data set describ-
ing the time variations in SM and τNAD (and derived frommulti-angular
observations) was available from the ELBARA-II tower-based observa-
tions. So, all these calibrated methods led to optimal SM retrieval re-
sults, especially in terms of biases, which may be only reachable if
100 M. Miernecki et al. / Remote Sensing of Environment 154 (2014) 89–101accurate calibration steps can be made from ancillary information and
from a reference data set. However, for operational spatial applications,
it is generally very difficult to obtain such a reference data set.
In spite of the limitations discussed above, somekey results obtained
in this study from tower-based observations could be of value to future
operational applications. It was found that the two methods, which did
not require any a priori calibration (DCA and LPRM) could provide good
SM retrievals and have relatively similar performances (R2 ~ 0.72–0.79;
RMSE ~ 0.054–0.58m3/m3) over the three year period. Themethods re-
quiring parameter calibration (two parameters in SCA-H and SCA-V;
three coefficients in the three regression methods) provided results
closer to the reference: for instance the R2 coefficient increased general-
ly to values larger than 0.90 for all methods. Themethodswhich require
additional information concerning the vegetation development (the
NDVI variable is required in the SCA-H, SCA-V and ‘Mattar’ algorithms)
provided slightly lower performances when year 2012 was used for
calibration. For that year the NDVI values were lower than for the
two other years (maximum NDVI values ≈ 0.45 in 2010 and 2011
and ≈ 0.36 in 2012), while the maximum values of τNAD were found
to be relatively similar over all three years (≈ 0.22–0.24). It is likely
that nonlinearities between τNAD and NDVI led to these slightly lower
performances in SM retrievals for the year 2012 for the SCA and ‘Mattar’
algorithms.
In the present study, the computed performances are “optimal”
performances as it is assumed that a good parameter calibration can
be made from a SM data set which can be considered as a reference.
This calibration step was possible in this study based on in situ tower-
based observations obtained over a homogeneous vineyard field, but
this step is much more complex for operational applications based on
space borne sensors. Several options are possible to calibrate these
different retrieval methods for spaceborne applications. For instance,
the reference SM or τNAD values which are required in the calibration
step can be estimated:
(i) from networks of in situ measurement sites such as SCAN in the
USA (Schaefer, Cosh, & Jackson, 2007), OZNET in Australia (Smith
et al., 2012) or SMOSMANIA in France (Albergel et al., 2011), or
from large airborne experimental campaigns (Jackson et al.,
1995; Panciera et al., 2009, etc.) etc. Then, based on results
obtained over a variety of soil and vegetation conditions, a look
up table providing the calibrated parameters as function of the
land cover types can be built.
(ii) from model re-analyses (ERA-Interim (Dee et al., 2011) or
MERRA Land (Reichle, Koster, De Lannoy, et al., 2011) for
instance), in regions where the simulated SM values can be con-
sidered to be accurate. As mentioned above, in a second step, a
look up table can be built for a variety of land covers.
(iii) by combining observations from different remote sensing sen-
sors. For instance, the estimation of optical depth τNAD retrieved
from SMOS or other satellites (e.g. AMSR-2) could be used to cal-
ibrate the vegetation parameters required in the SCA-H and SCA-V
algorithms (Lawrence, Wigneron, Richaume, et al., 2014).
Future work will consider these different options to evaluate the re-
trieval capabilities of the different methods requiring calibration (SCA,
‘Saleh’ or Mattar’) for operational applications based on spaceborne
sensors.
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